The 
Introduction
The System of National Accounts (SNA) is a comprehensive statistical and macroeconomic model that enables us to describe and track various patterns of economic activity within a particular economy. For an introduction to the SNA, please see some of the many handbooks (United Nations, 1993 , 2009 Eurostat, 1996) and textbooks (LeQuiller and Blades, 2006; Hronová and Hindls, 2000) on the topic.
Input-output (I-O) tables are an important outcome of the SNA, which are used for so-called technicaleconomic linkages analyses (Hronová and Hindls, 2000) . It is broadly accepted (keeping in mind the several assumptions for I-O construction developed in the SNA manual) that I-O tables serve to describe and help understand relations among industries, institutional sectors, and non-residents (see . By contrast, the forecast ability of I-O tables and other SNA outcomes are perceived ambiguously. For a comprehensive list of various I-O applications, see Eurostat (2008) . For instance, I-O tables can describe how the final consumption of households is distributed among car-producing, food-producing, and services-producing industries and other residential and non-residential statistical units. The effect of household final consumption changes and their impacts on particular industries can be estimated roughly.
Technical coefficients (TCs) can be derived from I-O tables, and they describe the intermediate relations among industries. Although TCs were originally designed to capture technology, they cannot be interpreted without knowledge of some of their shortcomings (ten Raa, 2007) . Simply put, TCs describe the relations of industries that deliver inputs (commodities, services) to industries that use these inputs to produce outputs. An increase in demand for the outputs of a particular industry (A) will increase the intermediate consumption of the outputs of those industries (B, C, …) that deliver to the industry (A). A growing group of macroeconomic models is known as INFORUM.
1 These models use inter-industrial linkages for both public policy analysis and business forecasting (Almon, 1991) .
Economic policymakers use the knowledge of these coefficients (in terms of INFORUM) to estimate the impact of their policies. For example, the automotive industry in EU countries is heavily connected to other industries (for empirical evidence, see Kaštan, 2009) , and this might be one of the reasons why fiscal stimulus in the form of the scrappage program measure was adopted in some EU countries (e.g. Germany, Italy, France) following the 2008 economic downturn. This stimulus aimed to pump up the money in the whole economy through the automotive industry.
2 When TCs are invariant over long time periods, they are more suitable for the abovementioned kinds of predictions and measures. LIFT 3 models use fundamental I-O identities (Meade, 2001) . A range of other practical applications is based on the assumption of stable inter-industrial relations. Generally speaking, the inverse relation between TC variability and their suitability for prediction, analysis, and policymaking is assumed.
I-O analysis is widely used not only at a national level (e.g. Kulišić et al., 2007) , but also at a regional level (see Morrison and Smith, 1974) . Despite the fact that the stability of TCs affects the possibilities for drawing conclusions from I-O analysis, the stability of coefficients is not the key issue among economists. As Kurz (2011) points out, the problems of contemporary I-O analysis offer perspectives for its further development. Few articles assess TCs variability; however, let us mention the assessments of Norwegian (Sevaldson, 1970) and French data (de Mesnard, 1997) . No assessment of the stability of TCs has been published in Czech journals.
This article assesses TCs variability in the Czech Republic during 1995-2010. The paper progressively deals with the introduction of I-O tables (Section 2). This is followed by an explanation of the meaning of TCs and the method of their computation (Section 3). The variability of individual TCs is assessed in Section 4. This section presents commented results for various indicators of variability. This is followed by conclusions.
1 INterindustry FORecasting at the University of Maryland. 2 The effectiveness of this measure is evaluated ambiguously and is not the subject of this article. 3 Long-term Inter-industry Forecasting Tool.
I-O Tables
I-O analysis was developed by Wassily Leontief, 1973 Nobel Prize Laureate (Nobel Prize, 2011 . His main articles and essays are collected in I-O economics (Leontief, 1966 Tables  (SIOT). 5 SUT are constructed annually by national statistics offices. They are directly linked to other data within the SNA and are subject to less statistical distortion than SIOT. By contrast, SIOT are usually published by national statistics offices on a five-year basis. Their analytical value is higher and they go more hand in hand with Leontief's original theoretical background, but their construction is based upon strong assumptions (for some early critiques and empirical evidence, see Gerking, 1976 and Sevaldson, 1970 ; for the basics of SIOT construction, see ; for more advanced discussion, see Vavrla and Rojíĉek, 2006) . There are two basic types of SIOT and four main sets of assumptions for their construction. New methods of SIOT construction were developed recently (Bohlin and Widell, 2006) . It is generally accepted that SIOT ought to be used in situations when data cannot be found in SUT or from other sources.
The structure of I-O tables is too extensive to be described in this article; for detailed information, see Eurostat (2008) . Let us focus on the important part of I-O tables, namely the intermediate consumption matrix (ICM). The ICM captures goods and services that are used in the process of production by industries (all values are denoted at current prices). It consists of I rows and J columns. Each element of the ICM expresses how many inputs of the i-th industry (or commodity) are used by the j-th industry (or commodity) to produce the total amount of product or service of the j-th industry (or commodity).
The form of the ICM varies according to the type of I-O table. The ICM in SIOT can be displayed in a commodity × commodity or a industry × industry breakdown and is always square. The ICM in SUT is rectangular (need not to be square) and usually displayed in a commodity × industry breakdown, which mean that rows (commodities) are classified according to the CPA classification and columns are classified according to the NACE classification. The size of the ICM depends on the level of aggregation. The standard size of the ICM in SUT published by the Czech statistical office in current prices is 88 rows and 88 columns. The results presented in this article are obtained by working with these SUT.
The ICM within SUT is extended to include rows that contain information about each industry. This information is derived mainly from production account (K.1 -Consumption of fixed capital; B.1g -Gross value added; D.29 -Other taxes for production; D.39 -Other subsidies; P.1 -Total production for each industry (which is also the column sum); marking corresponds to ESA 1995 manual).
Let us denote each element of the ICM as C ij . C ij expresses the input denoted in the i-th row, which is used to calculate the total production of output denoted in the j-th column. The sum of the j-th column is denoted as X j and can be computed via equation (1):
Another extension of the ICM within SUT refers to the columns. Additional columns express those outputs not used for intermediate consumption but for other purposes (final use). They are not part of the ICM, but let us mention some of them: expenditures for final consumption of households (P.3 S.14); government final expenditures (P.3 S.13), gross capital formation (P.5), and export (P.6). 7 The sum of all elements in each row expresses the total value of the i-th input used for intermediate consumption. This can be denoted Y i and computed via equation (2):
6 This sum can be conceived in two ways: 1) as the sum of all commodity inputs to the ICM for the j-th industry or 2) as the total production (P.1) of the j-th industry (which is the sum of all commodity inputs to the ICM for the j-th industry plus gross value added (B.1g)). The presented results were computed using the second approach. Some might object that items of gross value added or valuation differences may hide the instability of coefficients; however, the P.1 value is a balance sheet item and therefore is considered to be more accurate. This approach also conforms to the HawkinsSimons condition, as explained in Section 3. 7 Marking of elements corresponds to the ESA 1995 manual.
Equation (3) is valid for the standard ICM (without extension) in SUT and SIOT: ∑ ∑
It expresses that the total amount of inputs (Y) into intermediate consumption has to be equal to the total amount of outputs (X). 8 I-O tables are an important outcome of the SNA. Their analytical value lies in their ability to capture relations among industries and in their data consistency with other parts of the system. Data in I-O tables enable us to compute TCs, as discussed later.
TCs
TCs serve to describe the technical-economic linkages between different sectors and industries (also called inter-industrial linkages). They are usually unit indicators that are related to the unit of output or input. Their meaning can usually be deduced from the way they are computed. Basic ones can be computed straight from the ICM, whereas the more complicated use other quadrants of SUT or SIOT. We can compute not only direct linkages but also backward linkages using SIOT. For more information about the computation of backward linkages and their empirical evidence in the EU, see Kaštan (2009) .
This article examines the variability of basic TCs in the Czech Republic over a period of 15 years (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) . Those coefficients are computed from data (SUT at current prices) that are publicly available on the webpages of the Czech statistical office. 9 The meaning of the examined TCs is explained and their computation is described. Hereafter, TCs means only those that are examined in this article.
TC expresses the value of the i-th input that is needed to produce one unit of the j-th output. TC is denoted as a ij and can be computed based on the ICM and vector of production (X) as displayed in equation (4): .
8 In SIOT (whether the ICM follows a commodity × commodity or a industry × industry structure), the vector of final consumption is denoted by the letter Y. Notation problems occur if the ICM has a commodity × industry structure (in SUT). It is thus necessary to distinguish between commodity and industry classification (see Bohlin and Widell, 2006) . Nonstandard notation is used in order to simplify equations. The presented results are not affected by this simplification. 9 The broadest possible database at the time of the article's submission.
The higher the value of TC the more important the relation between the i-th input and the j-th output is.
10
TC in period t is computed as (5) and forms matrix A t :
TCs conform to the Hawkins-Simons (1949) condition, which states that the value of all inputs used to produce the j-th output should not exceed the value of the j-th output produced.
11 In terms of a unit indicator, this condition is expressed by equation (6):
We can estimate the change in demand for the i-th input (demand from the j-th industry) if the demand for the j-th output changes. As shown in equation (5), TC describes the technical relations in the current period. Its computation does not take into account TCs from previous periods. TCs can change over time and this should be kept in mind during the abovementioned estimations. Therefore, TC variability is the central point of interest in this paper.
Variability
Described TCs express the ratio between the value of inputs of the i-th commodity to the j-th industry and the value of the total production of the j-th industry (equation 4). In other words, TC captures the specific relation between a specific commodity and industry at a specific time (equation 5). The variability measures presented in this paper describe how this specific relation developed over the observed period. If variability is low, the relation is stable and vice versa.
Absolute variability can be measured via variation range (VR) and standard deviation (SD). SD divided by the arithmetic mean of the observed values is a measure of relative variability and is often called the coefficient of variance (CV). Calculations of relative variability are justified in situations where we want to compare the variability of different groups of values, which is our case. Each specific commodity × industry relation described by TC has a specific dimension given by the technology of production -for the illustration of this point, note that the scale of the relation of the input of tobacco to the production of furniture is considerably lower than the relation of the input of oil and natural gas to the manufacture of petroleum.
VR indicates the difference between the highest and lowest value of the TCs in the reference period, while SD indicates the average distance of the variables from their arithmetic means. VR and SD are both measures of absolute variability; the higher their value the higher is TC variability.
Variability measures for TC were computed for for (i, j = 1, 2, …, 85; t = 1, …, 15; where i represents commodities according to the CPA classification; j represents industries according to the NACE classification; t = 1 represents the 1995 period, and t = 15 represents the year 2010. The ICM in the used SUT was slightly modified. Data on commodities classified in the 97, 98, and 99 classes of CPA and industries classified in the 97, 98, and 99 classes of NACE were not included in the variability tests 12 because their values were mostly zeros.
For each period (t = 1, ..., 15), there is a matrix of A t , which has 7225 elements (85 x 85). Each element of this matrix shows a specific relationship (given by equation 5), which developed over the past 15 years. By observing this variability, we see how TC was stable over time. The value of TC average is the average value of the described relationship, which can suggest the importance of observed relationship. TCs that are denoted (without an upper index t) represent the value for the entire observed period.
The scatter/dot diagram in Figure 1 displays the values of VR and SD for all observed TCs. The horizontal axis represents VR values and vertical axis represents SD values. Both measures of absolute variability provide similar results. Coefficients whose variability is measured by SD are higher; they also have a higher variability as measured by VR.
Average values for each (for each specific relation between commodity and industry during the observed period) were computed (further identified as the TC average). Table 1 shows the percentiles of the TC average. It is noteworthy that about 95% of TC average values are less than 0.026. This means that more than 95% of the inputs are worth less than 2.64% of the outputs.
Of the 7225 inter-industrial relations evaluated, it was found that the majority are weak. Most TCs do not represent inter-industrial linkages to a substantial degree. According to the TC average value, that about half of all TCs are less than 0.01 (see Table 1 ). The value of TC average (0.01) represents a situation in which a specific (i-th) input contributes to the total production of the j-th output by 1% of the value of the total production of the j-th output (on average during the observed period). This means that about half of all I-O relations are relations in which is the value of the input of a specific commodity to the production of a specific industry is less than 1% of the value of the production of the specific industry. In other words, the direct impact of the total production of the j-th output that increases by 100 million would increase the i-th input value by 1 million (because the j-th input is needed for the j-th output production). Table 2 shows the extreme values for TC average. We can see that the I-O link that clearly dominated in the Czech Republic over the observed period is represented by , which has an average value of 0.701. It can be found (in SUT) that the fifth row and 18th column refers to the input of Oil and natural gas to the Manufacture of coke, refined petroleum products and nuclear fuel industry. Thus, 70% of the value of the production of refined petroleum products is (on average during the observed period) composed of the value of that particular input -oil and natural gas. The main objective of this article is not to describe particular inter-industrial linkages, which is why individual coefficients are described only briefly. Further information about the meaning of particular rows and columns can be found in the abovementioned classification or in the original SUT. Figure 2 displays the distribution of TC average values (i.e., it graphically complements the values given in Table 1 and Table 2 ). The vertical line (its value of TC average is 0.026) divides the graph into two parts. We can see that 95% of the values lie on the left-hand side of the line, while only 30 values are greater than 0.2, which represents less than 0.5% of all values. The higher the value of TC the stronger is the direct linkage between inputs and outputs. Stronger linkages between inputs and outputs (measured by TC value) may show, theoretically, higher values of absolute variability compared with weaker links. This is why relative variability is dealt with further in the It can also be said that 117 of the 7225 observed TCs have a CV of 3.7 according to Figure 3 . Therefore, it can be argued that these coefficients are not suitable for analytical use. They represent the direct linkages between industries that are unstable during the observed period, as the commodity × industry relation changes over time. It should be considered whether these TCs describe direct linkages that are rather important (with high TC average values) or insignificant. Finding high TC variability of minor importance is less an adverse result than finding high TC variability of high importance. In other words, finding that the input of agricultural commodities to the production of IT services has a CV equal to 3.7 during the observed period is not a bad result (in terms of TC variability). This is because the direct linkage between agriculture and information technology services does not play an important role in the industrial structure of the observed economy (its TC average equals 1.582 × 10 -6 ). Inaccuracies arising from a stable relationship are not serious because the interindustrial linkage is weak.
The scatter/dot diagram in Figure 4 shows whether the extreme values of CV are those TCs that represent strong I-O linkages (high value of TC average) or the rather less important technical-economic linkages (low value of TC average). Relative TC variability ranges from 0 to 3.7. Multiplying the CV value by 100 gives us a percentage share of SD to the mean value; hence, a CV of 3.7 represents extremely high TC variability. We can see that TCs with a rather high TC average have quite low CV, but this is not statistically verified. 
Conclusions
The inter-industrial linkages resulting from I-O data are described by TCs, which have a wide range of use in macroeconomic theory and praxis. Knowledge of inter-industrial relations helps explain the production processes at the macroeconomic level. Fluctuations in the production of a particular industry are also reflected in other industries. The intensity of this impact can be estimated using TCs, which are also used to capture and quantify production relations. The inter-industrial linkages described by SUT are used in the construction of SIOT.
The simple use of TCs assumes that these interindustrial linkages are linear. This assumption is often criticised, but frequently used. The linearity of interindustrial relations goes hand in hand with the stability of TCs, as described in third section of this paper. This article assessed TC variability in the Czech Republic over the period 1995-2010. The low variability of TCs could be viewed positively by those who compile and work with SIOT, such as economic analysts and policymakers. However, it was found that TCs in the Czech Republic during 1995-2010 show a high rate of relative variability, which means that inter-industrial linkages change over time considerably. Generally speaking, it is neither recommended to use TCs for naïve predictions nor to stick to the assumption of linear linkages among industries while constructing SIOT.
The average values of individual TCs are low, which means that only a small share of all coefficients represent strong and important linkages between commodity inputs and industry outputs. Few interindustrial relations can be considered to be strong in terms of the TC average value.
One can suppose that more important interindustrial linkages show lower levels of relative variability when examining the TC average-CV relation. This is shown in Figure 4 , and it can be used to justify the assumption of linear inter-industrial linkages. Nevertheless, this relation should be subject to further research. Similarly, the TCs of other European countries could be calculated and investigated.
